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Abstract

Out-of-distribution (OOD) generalization is chal-
lenging because distribution shifts come in many
forms. Numerous algorithms exist to address spe-
cific settings, but choosing the right training algo-
rithm for the right dataset without trial and error
is difficult. Indeed, real-world applications often
involve multiple types and combinations of shifts
that are hard to analyze theoretically.

Method. This work explores the possibility of
learning the selection of a training algorithm for
OOD generalization. We propose a proof of con-
cept (OOD-Chameleon) that formulates the selec-
tion as a multi-label classification over candidate
algorithms, trained on a dataset of datasets repre-
senting a variety of shifts. We evaluate the ability
of OOD-Chameleon to rank algorithms on unseen
shifts and datasets based only on dataset charac-
teristics, i.e. without training models first, unlike
traditional model selection.

Findings. Extensive experiments show that the
learned selector identifies high-performing algo-
rithms across synthetic, vision, and language
tasks. Further inspection shows that it learns
non-trivial decision rules, which provide new
insights into the applicability of existing algo-
rithms. Overall, this new approach opens the
possibility of better exploiting and understanding
the plethora of existing algorithms for OOD gen-
eralization. Code: https://github.com/
LiangzeJdiang/0O0D-Chameleon

1. Introduction

Out-of-distribution (OOD) generalization refers to a model’s
ability to remain accurate when the distributions of training
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Figure I. Choosing the right training algorithm is an often-
overlooked key factor in OOD generalization. (a) Different
training algorithms perform differently on different distribution
shifts. (b) We propose to automate the selection of a learning
algorithm. We train a selector (OOD-Chameleon) on a “dataset
of datasets” that exemplifies a variety of shifts. (¢) For a novel
task/dataset, the learned selector predicts the best algorithm to
train a robust model.

and test data differ. “OOD” is a catch-all term that encom-
passes many types of distribution shifts (Wiles et al., 2021;
Ye et al., 2022; Nagarajan et al., 2020). In medical imaging
for example (Oakden-Rayner et al., 2020), a model may
process scans from various demographics (covariate shift),
pathologies (label shift), and co-occurrences of patient at-
tributes (spurious correlations). In many applications, these
shifts are combined, making a theoretical analysis challeng-
ing (Wiles et al., 2021; Yang et al., 2023; Jeon et al., 2025).

The trade-offs of learning algorithms. There exists a
multitude of algorithms' designed to improve OOD gen-
eralization, from standard ERM (Vapnik, 2000) to simple
interventions such as Resampling (Japkowicz & Stephen,

'In this work, “algorithm” refers to a method, or particular element
thereof that takes the training data and produces a trained model.
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2002), GroupDRO (Sagawa et al., 2019), and much morenodel thus learns to exploit the algorithms' performance in
complex ones (Liu et al., 2023a). However, each algorithma variety of conditions. It can then recommend an appropri-
usually targets speci c distribution shift settings (Figure 1a).ate algorithm for any new task (Figure 1c).

Indeed, numerous studies by Gulrajani & Lopez-Paz (2020)

and others (Wiles et al., 2021; Nguyen et al., 2021; Ye et alResults. We evaluate the model on seven applications in
2022; Liang & Zou, 2022; Benoit et al., 2023; Yang et al., synthetic (Sagawa et al., 2020)jsion (CelebA, MetaShift,
2023) showed that no Single intervention surpasses ER'\@f ceHome, etc_) andanguagedomains (Civ"CommentS,
across a range of datasets. The reason is that OOD gengfultiNLI). The model is capable of selecting suitable algo-
alization is fundamentally underspeci ed (D'Amour et al., rithms for unseen shifts and datasets, achieving signi cantly
2022; Teney et al., 2022) and different methods make diffeftower test error than any static choice of algorithm. We
ent assumptions that can each shine in different conditiongerify that it achieves this by learning non-trivial, non-linear
This means thathoosing the right learning algorithm for  relations between dataset characteristics and algorithms'
a given situation is important to improve OOD general-  performance. Crucially, we examine the learned model to
ization. This possibility has thus been tantalizing: extract its decision rules, which reveal which dataset charac-
teristics are important for various algorithms to outperform
one another.

“It would be helpful for practitioners to be able to
select the best algorithms without comprehensiv

evaluations and comparisons” (Wiles et al., 2021 Contributions. Our ndings support a positive answer to

the title: OOD generalization can be improved by learning
to better use existing algorithms. This helps in dealing with
complex types of shifts that are dif cult to study theoreti-
ally, and provides insights on the applicability of existing
Igorithms. Our contributions are summarized as follows.

However, identifying the right algorithm without trial and
error is challenging due to the intricatgerplay between
the algorithms' inductive biases and the complex types o
shifts in real-world data. Moreover, the trial-and-error might
be impossible because of the lack of OOD evaluation data. * We are the rst to identify and formalize the problem of
algorithm selection for OOD generalization(§2).

This paper proposes tdearn to predict, given a dataset,  « We present a solution (OOD-Chameleon) that takes in
the best learning algorithm for training a robust model. dataset characteristics and predicts the suitability of can-

This a priori prediction contrasts with traditional model didate algorithms to train a robust model (§2.2).
selection that rst requires traininghanymodels or relies

on restrictive heuristics (e.g. accuracy/agreement on the line® We  show W,'th extgnswe experlme_nts that O_OD'
or activation coverage, see Garg et al. (2022); Baek et al. Chameleon (i) adaptively chooses suitable algorithms
(2022); Miller et al. (2021); Teney et al. (2023); Liu et al. (84), (ii) learns non-trivial data/a'lgorlthm interactions
(2023b)). Concurrent work by Bell et al. (2024) selects ~ (84.5) that transfer to unseen shifts and datagts3¢
algorithms for spurious correlations only, based on past per- #-4): (iil) reveals which dataset properties make algo-
formance on benchmarks most similar to the new task. We rithms outperform one another (§4.5).

similarly rely on past performance, but (i) we do not require « \We release a tool for future resear@3)to construct
any training run for the new tasks, (ii) we address more datasets with controlled and potentially mixed shift
types of shifts and (iii) we use non-linear learnable predic- types, and magnitudes, including spurious correlations,
tors instead of non-parametric nearest-neighbor retrieval. label shifts and covariate shifts.

OOD-Chameleon. We frame the algorithm selection as 2. OOD-Chameleon: Algorithm Selection for
a multi-label classi cationover a set of representative al- 0O0OD Generalization

gorithms? We train our model to predict the algorithms'
suitability given some dataset descriptor (Figure 1b), such ag.1. Is the Selection of the Best Algorithm Possible?

dataset size, degrees of shifts, etc. As training examples, we
build adataset of datasetepresenting diverse types, mag- | '€ N0-frée-lunch theorem (Wolpert & Macready, 1997)

nitudes, and combinations of shifts, by re-sampling existin revents a universal solution to the selection of the best
datasets with ne-grained annotations, such as CelebA (Lifearning algorithm. But distribution shifts appearing in real-

et al., 2015) or CivilComments (Borkan et al., 2019)). TheWorld data are not arbl_tra?)(Wlles etal., 2021, Goldblum
et al., 2024). A learning approach could thus be trained
®We consider algorithms with proven ef cacy on different types for effective algorithm selection on a particuliistribution
of shifts that are actually used in ML deployments, and not only.
in one-off academic papers (see discussion in Section 4): ERM]f shifts were arbitrary, inductive reasoning and machine learning
GroupDRO, Oversample, Undersample, and Logits adjustment. would not be possible (Wolpert, 1996).
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of distribution shifts Moreover, measurable properties of model: A(D")= h . The OOD performance dk is de-
a dataset can be indicative of an imbalance/shift, and thusied as the WG error oh onD*™.

of _the suitability of algorithms. We theref_org propose toWe propose OOD-Chameleon to automate the choice of
train a selector that takes dataset characteristics as input (e

. R . . tHe best algorithm among candidates for unseen tasks.
dataset size, degree of distribution shifts), and predicts th‘f‘his is motgated by the rrinyany existing results showing that
suitability of various candidate algorithms.

different algorithms perform differently in different condi-
Conjecture 1 (Learnability). There exists a learnable tions (see Section 1). OOD-Chameleon will learn to choose
mapping from measurable dataset characteristics (e.g., sizamong candidate algorithms based on their past performance
feature imbalance, shift indicators) to algorithm suitability, in a variety of conditions. To do so, we buildveeta-dataset
such that a selector trained on a suf ciently diverse andD as the training data, which is a dataset of datasets rep-
densely sampled distribution of distribution shifts can genresenting a variety of distribution shifts (Section 3). Each
eralize to unseen, but related, shiftgthin the support of j th dataset is associated with an algoritAm and its WG

the training distribution. performanceP;n 2 [0;1] on the dataset. Formally, the
. o o . . rpeta-dataset is de ned as a collection of triplets:

This assumption is crucial since there is no guarantee (jus

like any other learning method) for the selector to generalize D= ff(D]'); Am; Pim g 1)

beyond the support of the training distribution of distribution ;o ot (DI is adataset descriptor(Rivolli et al., 2022).
shifts. Yet, as we will present, our approach encompasses ) '

a wide variety of shift types and magnitudes, which can b

densely sampled as training data for the selector, “Dataset descriptors. To make the learning tractable, we

need a functiorf : SupgD") ! R' that summarizes
various dataset properties in a xed-length vector. Recent
Distribution shift taxonomy. ~We consider the common Work examined properties relevant to the performance of
distribution shift taxonomy based on three types (Yang et allearning algorithms (Nagarajan et al., 2020; Hermann et al.,
2023):covariate shifts (CS),label shifts (LS), andspuri- ~ 2023; Yang et al., 2024; Chen et al., 2022; Ye et al., 2022;
ous correlations(SC). The rst two correspond to changes Wang etal., 2024) but most cannot be measured without rst
in P(X) andP(Y) whereX andY represent inputs and training a model, defeating our purpose. Others (Arango
class labels. To formalize spurious features, we view e€tal., 20230ztlirk et al., 2022) used trivial properties (e.g.
as Containing core featur% a|WayS predictive Of{, and number of Classes) that are Clearly insuf cient in our case.

possibly other feature¥ o whose presence is also indicated e consider two sets of properties for our dataset descrip-
by an attributeA. A spurious correlation means thatand  tqrs: (i) distribution shift characteristics and (i) data

X are correlated wity in the training data, even though complexity characteristics The former set includes the
X a cannot be relied on to make correct predictions on tesgpif magnitudes de ned in Section 2.4, dis, des) and
data. This implies therefore a shift Bi(Y jX). the availability of the spurious feature)¢* These are pro-

To measure OOD performance, we use standesdst-  Vided as ground truth or estimated (see Appendix F). The

group (WG) error on test data, whergroupsG 2Y A latter set includes the size of the training setnd the input

are class—attribute combinations (Sagawa et al., 2019). wdimensionalityd. We leave for future work the possibility of

performance is also what we will (indirectly) optimize for. learning descriptors end-to-end with the algorithm selection.

The rationale is that it is independent of the test distribution

and can thus be addressed by considering only the distribd¥aining an algorithm selector. We can now useD

tion (imbalances) ofraining data. WG performance thus (Eqg. 1) to train an algorithm selector (typically a neural net-

promotes general robustness to distribution shifts. work) that predicts, given the training set of a task, the most

suitable algorithm. We can formulate this concept either as

a regression or a classi cation. To implement the selector as
regression we train a model (w; ): f(D') A! R

that maps a dataset descriptgD " ) and algorithm identi-

er A® to a predicted performance. We could train it for the

regression objective:

We focus primarily on the most common setting in OOD
generalization (Yong et al., 2022) where the training dat
includes labels of a potentially spurious attribAteWe also
evaluate the use of pseudo attributes in Appendix F.

2.2.Algorithm Selection as a Supervised Learning Task

. : min Ep L w;ff (DI);Amg ;P 2
Our eventual goal is to train robust models on future (yet w D -MSE (B7)iAmg : Pim )
unknow_n) tasks. Aask is de ned by_thetfralnlr:eg a_nd “Similar concepts include signal/noise ratio (Yang et al., 2024),
test Spl'tf that make up a datadet= D" [ D*® = magnitude (Wang et al., 2024; Joshi et al., 2023), simplicity (Qiu
f(xi;yi)gizy [T (Xi;yi)gL; . Training a model means run- et al., 2024), spurious/core information ratio (Sagawa et al., 2020).

ning a learning algorithnA () to obtain a parametrized °By abuse of notation is an algorithm's 1-hot identi er here.
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whereL yse is the mean square error. The selector can thettion, classical results from statistical learning theory apply

predict the performance of several algorithms on an unseeto the algorithm selector , and (ii) the data-driven view is

task. The top prediction is used to train a robust model. particularly valuable a&g handles complex shifts that are

dif cult to analyze theoretically . For example, a label shift

tion task is motivated by the fact that neural networks areiS effecti\_/ely addressed with class balancing (ldrissi et al.,
2022). Itis much less clear, however, how to address a label

easier to train for classi cation than regression (Devroye”, . . : . . . .
S : . shift combined with a covariate shift and a mild spurious
et al., 2013). A classi cation also aligns better with the goal .
correlation, for example Garg et al. (2023).

of selecting algorithms rather than estimating their absolute
performance. We choose a multi-label formulation rather
than a single-label/multi-class becauke algorithms do In summary, building OOD-Chameleon proceeds in
not compete against one anothand multiple algorithms | three steps (see also Figure 1b).
can sometimes be equally suitable.

The alternative implementation asrailti-label classi ca-

1. Obtaining a collection of datasetswith a variety
Speci cally, we de ne the training classi cation labels as of distribution shifts (see Section 3).

follows. Forjth dataset irD, we haveM (the number
of algorithms) records$ f (DJ-”);Am ;PmgM_, . We ag-
gregate each such set Bf records into asingle train-
ing samplef f (Dj“); Yag whereYa 2 f0;1gV is a one-
or multi-hot vector indicating the suitability of the candi-
date algorithms. An algorithm is considered suitable if
(Pjm MiNm Pjm ) for a small threshold (we use
0:05for all experiments and perform ablation study in Ap- T .
pendix E.2). This aggregation converts performance nuni=" A Tool to Construct Distribution Shifts

bers into discrete labels, which acts as a sort of “denoisingje now describe the construction of the dataset collection,

since algorithms with close performance are deemed siynich exempli es various shift types and magnitudes. The

ilarly suitable. We use these labels to train a multi-labelsgme tool can be used for future research to obtain datasets

classier (w;):f(D")!f 0;1g" forthe objective: with controlled, mixed-type shifts. It takes as input a dataset

; . try . that have ne-grained annotations (i.e. each sample is anno-

mvdn Eo Lece wif (Dj ) Ya (3) tated with its cgllass label and one or( more attributeps), such as

whereLgce is the binary cross-entropy. Unless noted,CelebA (Liu et al., 2015) or CivilComments (Borkan et al.,

OOD-Chameleon refers to this multi-label classi cation im- 2019), and outputs a dataset with controlled distribution

plementation. We use the simplest objective for clarity andshifts by resampling the source dataset.

proof-of-concept; future work can adjust the objective for de-

sirable properties, such as a DRO-like objective (RahimiarQuantifying the distribution shifts.  To have precise con-

& Mehrotra, 2022) or a multi-task objective. trol over the degree of shifts, we need an unambiguous way

Applying the algorithm selector. The trained selector can to quantify them. I,IAssuming the(;esthset ';’ ba!angeld (i.e.d atl)l'
then predict the suitability of algorithms on an unseen taskdroups are equally represente ), then how imbalanced/bi-

When multiple algorithms are predicted as suitable at tesfS€d the training data is (to test data) directly re ects the
time, the one with th@op prediction logit(which corre- degree of shifts. Therefore, we de ne the following degrees:

sponds to the most con dent one) is used to train a robust « Spurious correlation (dsc): The ratio of training sam-

model, see Appendix E.3 for an ablation study on test-time  ples whose class label and attribute agree, i.e. where

algorithm selection strategies. a correct classi cation of the attribute entails a correct
classi cation of the class.

2. Assembling the meta-dataset(D), i.e. pre-
computing dataset descriptors and training mod-
els with the candidate algorithms to obtain thei
“ground truth” performance.

-

3. Training the algorithm selector ( ) onD.

2.3. Discussion and Summary  Label shift (ds): The imbalanceness of training class

OOD-Chameleon can be seen as a data-driven performance label distribution.
prediction, or a learned priori model selection (i.e. be-
fore training any target model). A related line of work is
the data-driven selection among pre-trained vision mod-
els (Zhang et al., 2023; Achille et al., 2010ztiirk et al.,  See Figure 2 for an illustrative example with a 2-way classi-
2022). In all cases, the intuition is to exploit knowledge of cation of shapes with two color attributes, whergj is the
past performance in known conditionsfor new tasks. In ~ set cardinality, and ; jGj = n the size of training séD ",

our case, (i) due to the supervised classi cation formulawith jGj being the number of samples in each group. These
degrees are if0; 1] by de nition and0:5 means the absence

 Covariate shift (des): The imbalanceness of training
attribute distribution.
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it is in the set of “suitable” algorithms (as de ned in Sec-
tion 2.2). We also report the worst-group error (lower is
better) of models trained with the selected algorithms, av-
eraged across unseen tasks. The former evaluates the algo-
rithm selection itself. The latter evaluates the actual bene ts

in error reduction by relying on the algorithm selector.

Candidate algorithms. We select ve algorithms, namely

ERM (Vapnik, 2000),GroupDRO(Sagawa et al., 2019),
Figure 2. lllustration of the quanti cation of distribution shifts. Oversamplingminority groups (Japkowicz & Stephen,
In this exampledsc=3=8, dis=0:5, anddcs=5=8. 2002),undersamplingnajority groups, andbgits adjust-

ment(Menon et al. (2021); Nguyen et al. (2021); Kini et al.

. : . . 2021), which encourages a relative larger margin for the
of a shift. In practice, we can use different class-attrlbute( ) g d 9

) ; . . minority groups. We choose to focus on algorithms (i) with
pairs available in datasets such as CelebA or CivilComment y group g M

: . ) . Strong proven performance, competitive or superior to more
(see Table 9 for some pairs). Different class-attribute pa'r%omplex ones (Nguyen et al., 2021; Gulrajani & Lopez-Paz,

naturally induce different availabilities of spurious features,zozo; Idrissi et al., 2022: Yang et al., 2023), (ii) that do not

depending on how the attributes are embedded in the dat%quire extensive hyperparameter tuning, (iii) that each ad-

) . ) . dress different types of shifts (Nguyen et al., 2021), (iv) that
Constructing datasets. Next, given a desired training set. ¢jq a1y pelong to different families, namelggularization-,
sizen and a triple(dss; dis; dsc) 2 [0; 1F that indicates a reweighting-, and margin-based approaches. Building OOD-
desired degree of shifs, we could solve linear equations (the, 3 meleon on other existing algorithms is a direct extension

ones in Figure 2, plus ; jGj = n)to obFam the necessary o however requires more computational resources, which
number of samples per gro to achieve these proper- we thus leave for future work.

ties in the training set. The test $&f® is balanced, i.e.

JGj = ne=num: of groups We sample the corresponding Algorithm selection baselines and ablations.
number of samples from the source dataset and compose Random selection randomly selecting algorithms
them into a task with desired properties. We then perform . y g algo ' i
this process many times with different properties to obtain * Global best choosing the single best algorithm accord

many different datasets. See Appendix B for details and ing to its performance on all tasks in the meta-dataset.
Figure 7 for example datasets » Naive descriptors using trivial dataset properties

from Oztiirk et al. (2022) as input to train the selec-
. tor, instead of our dataset descriptors. This evaluates if
4. Experiments our descriptors provide relevant information.

Oracle selection upper bound, which uses the best
algorithm for each dataset.

» Regression selector trained from the regression (Eq. 2).

We evaluate OOD-Chameleon on seven applications from *
three domains:synthetic (Sagawa et al., 2020)ision
(CelebA (Liu et al., 2015), MetaShift (Liang & Zou,
2022), Of ceHome (Venkateswara et al., 2017), Colored- i .
MNIST (Arjovsky et al., 2020), antanguage(CivilCom- Models. The algorlthm selector is |mplemen§ed as an
ments (Borkan et al., 2019), MultiNLI (Williams et al., MLP unless otherwise noted. We evaluate other implemen-

2017)). See details of the datasets in Appendix A. As Wéations in Tab_le 5. As for target models, the synthetic exper-
will show, all cases bene t from the adaptive selection. We!Ments (Section 4.2) follow Sagawa et al. (2020) and use a
also verify that it achieves this by learning non-trivial de-/INéar model, which is suf cient to solve the synthetic task.

cision rules that are transferrable across tasks. Finally, w&1€ ViSion experiments (Section 4.3) use linear probing on a

examine the learned selector to understand when the algpre-trained ResNet18 (He et al., 2015) or CLIP model (ViT-
rithms can outperform one another. B/32) (Radford et al., 2021). We show in Appendix E.1

that OOD-Chameleon is effective for both linear probing
and ne-tuning paradigms. The language experiments (Sec-
tion 4.4) use linear probing on a pre-trained BERT (Devlin
For each domain (synthetic, vision, language), we create at al., 2019) or a BERT ne-tuned on CivilComments. In all
meta-datasdD then train an algorithm selector. See Appen-cases, we train for long enough to ensure convergence with
dices C-D for details. We then evaluate the generalizabilitydentical hyperparameters across runs. The rationale is that
of the algorithm selector on unseen tasks with propertiebyperparameter search should not be allowed since OOD
disjoint fromD. We report the 0—1 accuracy (higher is bet-validation data cannot be relied on (otherwise it could be
ter), which considers an algorithm prediction as correct ifsimply used as training data to achieve OOD generalization).

4.1. Experimental Setup
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Figure 3.(Left) Discrepancy in performance among algorithms. Across many tasks, we compare pairs of algorithms (e.g. L-G means
comparing Logits adjustment and GroupDRO) and show the distribution of performance differences in worst-group t@didate). The
generalizability of the algorithm selector improves with a larger meta-dai@ight) We estimate the importance of each piece of the
dataset descriptor with leave-one-descriptor-out training of the algorithm selector.

4.2. Synthetic Experiments Table 1.Results on the synthetic tasksThe learned algorithm
selector approaches the performance of the oracle selection.

Data. We consider a binary classi cation following

. Methods 0-1ACC. (%) WG error (%)# Remarks
closely the synthetic example from Sagawa et al. (2020)- : 9 06
S . .. .. “ Oracle selection 100 19.0 Upper bound
The group distribution is implicitly de ned from the de - : _

. . _ . 2d i Random selection 62.9:6 24.0 01 Non-parametrized
nition of inputs asx = [Xc; Xz] 2 R with x; andx, of Global best 72.50:7 22.7 01 Non-parametrized
dimensiond generated from Gaussian distributions: Naive descriptors 521 23.9 02 Oztiirk et al. (2022)

Regression 79.7:7 20.4 o3 Equation 2
Xc j y N vyi; §| d » Xa j y N al; §|d . OOD-Chameleon 86.3 0.1 19.9 o1 Equation 3

The availability of the spurious features is de nedras
2= 2. We create 7,000 tasks foD spanning different
dsc; dis; des, training sizes, dimensionalityd, availabilityr, ~ features, etc. We simulate different availabilities of the spu-
and another 2,000 for evaluation (details in Appendix C). rious feature by using different attribute annotations from
CelebA, e.gmouth slightly open as class label and
wearing lipstick as spurious attribute (details in Ap-
Results. Table 1 rst conrms, from the gap between pendix D). With MetaShift, we similarly usiecat , dogg
random selection and oracle selection, that the ability tas classes arfdndoor , outdoor g as attributes to gener-
choose the right algorithm provides substantial bene ts. Weate129tasks. With Of ceHome, we created 100 tasks by
show that OOD-Chameleon is accurate at predicting theandomly sampling a pair of domains and a pair of classes
most suitable algorithm on unseen tasks. Both the O—for each dataset (e.g. classifyihgen, knife ginfArt ,
accuracy and the worst-group error are substantially betteClipart  g). For each task of Of ceHome, the number of
than the baselines. samples of each group is naturally imbalanced, creating dif-

Additional results in Figure 3 (left) indeed show that dif- ferent distribution shifts by design. With Colored-MNIST,

ferent algorithms perform differently across tasks/dataset{/® USe the digits as classes and colors as attributes to gen-
Figure 3 (middle) shows that OOD-Chameleon is moreeratel80tasks. We build the meta-dataset w6 of the

elebA tasks to train the selector, then evaluate it either on

accurate with the meta-dataset scaled up. Yet, it already sij% e N i
ni cantly outperforms the best non-parametrized baselindl€ remaining20%of CelebA tasks, or on the MetaShift,
Of ceHome, Colored-MNIST tasks, respectively.

(“Global best™) with a relatively small ( 200 meta-dataset.
In Figure 3 (right), we conduct a leave-one-descriptor-out

training of OOD-Chameleon, excluding one element from o ) i i

the descriptor at a time. The drops in accuracy (comparedne availability of spurious features. - Unlike with syn-

to the leftmost bar) show that every element provides usefui€tic data, there is no straightforward measure of the
information. Those that matter most are the input dimen@vailabjty r for real-world data. We use a proxy =

sionality d, then the availability and degreals. of the yly=" ala wherely (resply) is the average distance be-
spurious correlation. tween every sample and the center of the cluster of its class

(resp. attribute). Distances are measured in the embedding
space of the corresponding pre-trained model (Section 4.1).
Intuitively, the availability is higher when the cluster w.r.t.
Data. We generater20 tasks from CelebA (Liu et al., the attribute is more compact than to the label (see details
2015), again with various data sizes, types of shifts, spuriouand discussions in Appendix D.1).

4.3. Vision Experiments
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Table 2.Results on vision tasks The selector is trained on a meta-dataset built from CelebA, and then evaluated on a separate set of tasks
from CelebA (Left) as well as MetaShift (Right). It remains accurate across datasets, meaning that it learns generalizable decision rules.

CelebA MetaShift
Methods ResNet18 CLIP (ViT-B/32) ResNet18 CLIP (ViT-B/32)
0-1ACC." WG error# 0-1ACC." WG error# 0-1ACC." WG error# 0-1ACC." WG error#

Oracle selection 100 44.9 o2 100 36.3 o3 100 36.4 o3 100 245 o3
Random selection 28.50;5 53.4 0:6 27.0 0:3 45.4 0:2 33.3 0:8 43.1 0:2 34.1 0:3 32.3 0:1
Global best 35.7 1:0 51.3 0:5 32.6 0:4 43.4 0:1 39.4 0:3 42.4 0:2 36.4 0:3 31.7 0:4
Naive descriptors 64.50;9 49.7 05 66.8 0:6 40.7 0:4 68.8 0:7 40.3 0:3 66.6 0:3 28.1 0:4
Regression 53.611 49.8 o5 46.7 o9 41.2 o3 51.2 o3 40.9 o2 49.2 o3 28.3 o2
OOD-Chameleon 75.0 1:3 47.7 0:2 78.5 0:8 39.1 0:2 80.6 0:7 39.0 0:3 76.7 0:5 27.2 0:3

Table 3.Comparison with static algorithm selection i.e. using the same one used on all test tasks. OOD-Chameleon performs much
better by adaptively choosing an algorithm for each task. It approaches the performance of an oracle selection, as well as its distribution
of cases where each algorithm is used (see the colored bars where each color represents a different algorithm).

CelebA MetaShift

Methods ResNet18 CLIP (ViT-B/32) ResNet18 CLIP (ViT-B/32)

Alg. Selection WG error#  Alg. Selection WG error#  Alg. Selection WG error#  Alg. Selection WG error#
Oracle Selection 449 o 36.3 o3 36.4 o3 245 o3
ERM 57.8 0.4 49.1 o2 471 o3 35.6 o3
GI’OUpDRO 525 ¢4 45.7 o:2 45.0 o3 33.4 o3
Logits adjustment 53.1 o5 41.4 o 40.5 o3 28.0 04
Undersample 49.8 o5 41.6 o2 40.1 o3 28.3 o3
Oversample 524 o2 45.8 o:2 45.1 o2 33.2 04
OOD-Chameleon 47.7 o2 39.1 o2 39.0 o3 27.2 o3

Results. In Table 2, we observe again that OOD- CivilComments (Borkan et al., 2019) anti80 from
Chameleon performs well in selecting suitable algorithmaMultiNLI (Williams et al., 2017) (details in Appendix D).
for unseen tasks. Most importantly, the selector trained on

meta-dataset constructed from CelebA also performs weE
on MetaShift (Table 2), Of ceHome and Colored-MNIST
(the latter two are in Appendix G) This means thiéarned
generalizable relations between dataset properties and
algorithms' performance, not idiosyncratic patterns spe-
ci ¢ to one dataset.

esults. Table 4 and Table 18 in the appendix show that

OD-Chameleon is also effective in the language domain.
The results closely align with those on vision tasks and

con rm the ndings from Section 4.3.

4.5. What Does OOD-Chameleon Learn?

In Table 3, we compare with single-algorithm baselinesNoOW we examine the decision rules learned by the selector.

i.e. using the same algorithm for all tasks. Our adaptivéNe rst evaluate its complexity. To do so, we compare in
selection performs much better, con rming the premiseTabIe 5 several implementations of the algorithm selector

that no single algorithm is a solution to all OOD scenarios®"d Make the following observations.

Interestingly, the proportions of cases where each algorithn® First, a linear model performs signi cantly worse than an
is selected closely resemble those of the oracle (see the MLP. This shows that the MLP learns non-trivial rules
colored bars). In Appendix F, we evaluate our model with ~ and that there existon-linear relations between dataset
estimatectataset descriptors, e.g. for cases where attributes characteristics and the performance of algorithms.

are not available at test time. The predictions of the selector,
remain accurate without further adaptation. In Appendix I,
we show that a selector trained on datasets of smaller data
sizes can generalize to larger ones; and we compare ou
approach with ensemble, which is much more expensive.

Second, a k-NN model is also signi cantly worse than
an MLP. This shows that our mode&brks not only by
memorizing a large number of example taskswhich a
"k-NN also does. On the contrary, accurate predictions on
unseen datasets require non-trivial generalization.

4.4. NLP Experiments * Third, a simple decision tree performs almost as well as
an MLP (details in Appendix J). Unlike an MLP, a tree is
intrinsically interpretable, which offers the possibility of
discovering new insights about existing algorithms.

Data. The setup is analogous to the vision experi-
ments (Section 4.3). We genera#®?0 tasks from
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Table 4.Results on NLP tasks The selector is trained on a meta-dataset built from CivilComments, then evaluated on a separate set of
tasks from CivilComments as well as MultiNLI. It remains accurate across datasets, meaning that it learns generalizable decision rules.

CivilComments MultiNLI
Methods BERT BERT (Finetuned) BERT BERT (Finetuned)
0-1ACC." WG error# 0-1ACC." WG error# 0-1ACC." WG error# 0-1ACC." WG error#

Oracle selection 100 53.7 o3 100 19.4 o4 100 55.9 o3 100 54.2 o6
Random selection 14.59.7 66.6 04 50.0 o4 235 g2 19.8 o3 67.1 o2 20.5 o5 63.6 o7
Global best 29.903 62.7 04 55.9 1.5 22.9 o3 34.4 4 63.6 o6 27.2 o6 61.4 o5
Naive descriptors 68.81.9 57.2 o4 81.1 o3 21.7 o3 64.3 o3 59.2 ¢4 68.2 o5 57.4 o4
Regression 51.31.0 57.6 o4 47.9 o7 22.6 04 57.7 os 594 g, 40.8 o3 60.6 o2
OOD-Chameleon 819 1. 55.8 o4 90.9 1.4 20.7 o2 79.4 o6 58.3 o2 74.4 o9 56.6 o2

Attributing algorithm effectiveness to data characteris-

Table 5.Alternative implementations of the algorithm selector . -

) . tics. To complement the general rules revealed by decision
The lower performance of linear and k-NN models supports the im- look at fact ffecting | | decisi
portance of non-trivial, non-linear relations between dataset chaF—reeS’ we look at factors affecting local decisitesween

acteristics and algorithm performance (experiments on Celeba).&NnY two algorithms. We perform a leave-one-descriptor-
out training ofpairwisealgorithm selectors, i.e. which con-

ResNet18 CLIP (ViT-B/32) sider only two candidate algorithms. We plot the results in
Implementation 0-1ACC. WGerror# 0-1ACC." WG error# Figure 5. For a chosen pair of algorithms, each bar shows a
t",lﬁj" gg-g L0 32-2 0:3 gg-g 18 ﬁ-é 0:3 drop in performance relative to the full descriptors (leftmost
. . 0:7 . 0:2 . 1:3 . 0:4 H H H H H =
Decisiontree 73108  48.1 o5 743 o7 394 os bar). This (_:irop |nd|.c§tes 'Fhellmportance of a speci ¢ piece
MLP 750 13 477 o2 785 g8 39.1 o2 of information for distinguishing the two algorithms. In the

case ofOversamplé&Jndersampldor example, the data size
(n) and degree of spurious correlatial{) are the most im-
Interpreting decision trees. We visualize in Figures 10— portant. This observation is consistent with the analysis in
11 the rules learned by selectors implemented as decisiqguyen et al., 2021) that implies that, while undersampling
trees (see Figure 4 for a simpli ed illustration). Interpreting can cope with more distribution shifts than oversampling,
these trees leads to the foIIowing recommendations on thg is inferior when the number of Samp|es in the minority
applicability of algorithms. (i)Undersamplés preferred  group is small (i.e. when or ds. is too small).

when the size of the dataset is not too small and the distri-

bution shifts are severe. (ii) When there are indeed only

a small number of samples but relatively large shifts, one

could resort td_ogits adjustmentThis aligns with Nguyen

et al. (2021) who suggested thadgits adjustmenshould

be more effective thabindersamplavhen the number of

unique samples is low for minority groups. (iBroupDRO

is more useful when there are enough samples and rela-

tively large distribution shifts. (iv) For mild shift&RM

or Oversamplare the best options. Overall, such observa-

tions provide rich material for future investigations on the

applicability of existing learning algorithms.

Figure 5.Leave-one-descriptor-out training of pairwise algo-
rithm selectors. The drops in accuracy reveal the importance of
various factors in the suitability of one algorithm vs. another.

We also observe that the importance of the different pieces
of information varies for other pairs of algorithms (Fig-
ure 5 middle/right bars). We can thus identify which char-
acteristics of the data are importantpracticefor speci ¢
algorithms to outperform one anothd@mese are rich ob-
Figure 4.Simpli ed illustration of a learned model selector im- servations for future work that could confront them with
plemented as a decision tregsee Figures 10-11 for full versions). existing theories on the applicability of these algorithms.

8
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5. Related Work 6. Conclusions

OOD generalization is a wide eld of study, see e.g. Liu This paper highlighted the importance of algorithm selection
et al. (2021b) for a survey. The conclusion from severafor OOD generalization. We described a data-driven solu-
studies is that there is no one- ts-all solution to distribution tion to automate this selection, by turning it into a standard
shifts (Gulrajani & Lopez-Paz, 2020; Wiles et al., 2021;supervised multi-label classi cation problem. Crucially, we
Nguyen et al., 2021; Ye et al., 2022; Liang & Zou, 2022;demonstrated empirically that training our algorithm selec-
Yang et al., 2023; Bell et al., 2024). Indeed, a standard ERMor on a collection of semi-synthetic datasets is suf cient
baseline is generally very effective, but there also exist do learn decision rules that generalize to unseen shifts and
variety of training algorithms with demonstrated bene ts in datasets. This is a strong empirical result, since the model
speci c OOD settings. This motivates our goal of improving could as well have over tted to idiosyncratic properties of
the selection among existing algorithms, which we seek texample shifts and datasets. Instead, it learns generalizable
automate with a data-driven approach. relations between dataset properties and algorithms' perfor-
mance. We veri ed that the selection relies on non-trivial

Algorithm selection.  Model selection (Forster, 2000; patterns, and also ruled out the possibility that it simply

Raschka, 2020) and algorithm selection (Rice, 1976; Kefemorizes a large number of example cases.
schke et al., 2019) are integral parts of machine learnin
work ows. In the context of OOD generalization, recent
work (Liu et al., 2023b; Baek et al., 2022; Garg et al., 2022; « Algorithm baselines We focused on algorithms known
Miller et al., 2021; Lu et al., 2023) proposes heuristics to  to be reliable, simple but effective in different settings
predict a models' OOD performance on unlabeled target (and often superior to fancier ones, see Idrissi et al.
data. These heuristics have downsides: (i) they can only be (2022)). Future extension will include more algorithms
estimated after training one or several models, (ii) they re- and their variations, e.g. by including some of their
quire (unlabeled) test data, and (jii) they rely on unveri able  hyperparameters in the search space.

assumptions (Teney et al., 2023). A major difference of our , | carmable dataset descriptors We hand-designed
work is to aim fora priori selection of the best algorithm, interpretable dataset descriptors, but they depend on
I.e. before training on the target data. attribute annotations and might miss important infor-
mation. The next step is to learn descriptors end-to-

%imitations and future work.

Concurrent work by Bell et al. (2024) identi es a motivation
similar to ours. They propose to select among algorithms end with the selector, e.g. with Set Transformers or
to deal speci cally with spurious correlations, based on the ~ Dataset2Vec (Lee etal., 2019; Jomaa et al., 2021).
algorithms' past performance on benchmarks similar to the « Generalization to other shift types We considered
target data. The differences with our work are: (i) we use a  three types of shifts (spurious correlations, label shifts,

learningapproach rather than a simple similarity; (ii) our
learning process relies @emi-syntheticdata rather than

existing benchmarks, which helps cover a broader set of

distribution shifts; (iii) we considelabel shifts covariate

covariate shifts) and their combination, which covers
most, if not all, shifts studied in the literature. However,
generalizing to other shift types might require additional
curation. For example, covariate shifts can happen in

shiftsand their combinations, not only spurious correlations. many forms except for the attribute distribution shifts

we studied.

Meta-learning. Our approach learns from a “dataset of * Generalization to broader scenarios Our tool to quan-

datasets” i.e. a distribution of tasks, which is a principle tify distribution shifts applies to binary classi cation

of meta-learning (Vilalta & Drissi, 2002; Hospedales et al.,  with binary attributes, which is the default setting in

2022). Most similarly to us, Achille et al. (20190 ztiirk studying spurious correlations. Extension to multiple

et al. (2022); Arango et al. (2023); Zhang et al. (2023) learn  classes and multiple attributes is valuable. Besides, opti-

to select among pretrained models for downstream tasks, mizing a combination of multiple relevant performance

or for outlier detection Zhao et al. (2021). Contrary to us, metrics, instead of a single one, is promising.

these works rst require training multiple candidate models « Real-world evaluation: A crucial next step is to study

and they do not target OOD generalization. how the algorithm selector trained on a semi-synthetic
dataset collection generalizes to real-world tasks, such

AutoML. Our approach relates to AutoML, which aims
to automate ML work ows, often by trial-and-error (Hutter
etal., 2019; He et al., 2021). Our work differs in that (1) it
aims fora priori algorithm selection; (2) it can provide new
insights on the applicability of existing algorithms.

as WILDS (Koh et al., 2021; Sagawa et al., 2022).

Understanding algorithms' applicability : We ex-
tracted insights from the trained selector, which could be
used to form the basis of future investigations on the ap-
plicability and inductive bias of many other algorithms.
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Appendix

The appendix provides the following additional details and results.

» Appendix A provides amverview of the used source datasets

» Appendix B details theonstruction of datasets with desired distribution shifts

» Appendix C describes thaata and detailed setup of the controlled experimentsf Section 4.2.

« Appendix D describes th#ata and detailed setup of the realistic experimentsf Sections 4.3 and 4.4.

« Appendix E contains variouablation studies(hyperparameters, training paradigms, etc).

» Appendix F presentadditional results on the use of estimated dataset descriptoi&s input to the selector.
« Appendix G presentadditional results on vision tasksof Section 4.3.

» Appendix H presentadditional results on language task®f Section 4.4.

» Appendix | presentadditional results on ef ciency considerations

» Appendix J showsdditional details of the algorithm selector implemented by a decision treef Section 4.5.

A. Dataset Overview

In our experiments, we create tasks with distribution shifts by subsampling from 6 real-world datasets from computer
vision and natural language processing domains. Here we provide details for each of them. Some content in this section is
borrowed from (Yang et al., 2023), and we appreciate their clean and concise dataset summary. For visual examples, see
Table 6 and Table 7.

CelebA. CelebA (Liu et al., 2015) is a large-scale face attributes dataset commonly used in facial recognition, attribute
prediction, and generative modeling research. It contains over 200,000 celebrity images covering approximately 10,000
identities, each annotated with 40 binary facial attributes (e.g., smiling, eyeglasses, blond hair) and 5 landmark locations
(e.g., eyes, nose, mouth corners). The images exhibit substantial variability in pose, lighting, background, and occlusion.
The standard task involves predicting facial attributes or generating/editing facial images using these annotations. The
dataset is publicly available for non-commercial research use.

MetaShift. MetaShift (Liang & Zou, 2022) is a general method of creating image datasets from the Visual Genome project.
Here, we make use of the pre-processedv@abog dataset, where the goal is to distinguish between the two animals.
The spurious attribute is the image background, where cats and more likely to be indoors, and dogs are more likely to be
outdoors. We use the “unmixed” version generated from the authors' codebase.

Of ceHome. Of ceHome (Venkateswara et al., 2017) is a multi-class image classi cation dataset commonly used in
domain adaptation research. It consists of around 15,500 images across 65 object categories (e.g., keyboard, pen, mug),
drawn from four visually distinct domaingirt, Clipart, Product andReal-World The standard task is to classify the object
category across varying domain pairs. The dataset is publicly available for non-commercial research use.

Colored-MNIST. Colored-MNIST (Arjovsky et al., 2020) is a synthetic variant of the MNIST dataset commonly used

to study spurious correlations and domain generalization. It is constructed by coloring the grayscale MNIST digits with
label-dependent or label-independent color schemes to introduce a spurious correlation between digit class and color.
Multiple environments are created by varying the strength of this correlation, allowing researchers to evaluate models'
robustness to distribution shifts. The standard task is digit classi cation under different color-based domain shifts.

CivilComments. CivilComments (Borkan et al., 2019) is a binary classi cation text dataset, where the goal is to predict
whether a internet comment contains toxic language. The spurious attribute is whether the text contains reference to eight
demographic identitiesifale, female, LGBTQ, Christian, Muslim, other religions, BlakiWhite).

MultiNLI.  MultiNLI (Williams et al., 2017) is a text classi cation dataset with 3 classes, where the target is the natural
language inference relationship between the premise and the hypothesis (neutral, contradiction, or entailment). The spurious
attribute is whether negation appears in the text, as negation is highly correlated with the contradiction label.
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Table 6.Example inputs for Colored-MNIST (Arjovsky et al., 2020), CelebA (Liu et al., 2015), MetaShift (Liang & Zou, 2022) and
Of ceHome (Venkateswara et al., 2017). The table is adapted from (Yang et al., 2023).

Dataset Examples

Colored-MNIST

CelebA

MetaShift

Of ceHome

Table 7.Example inputs for CivilComments (Borkan et al., 2019) and MultiNLI (Williams et al., 2017). The table is borrowed from (Yang
etal., 2023).

Dataset Examples

“Munchins looks like a munchins. The man who dont want to show his taxes, will tell you everything...”
CivilComments “The democratic party removed the libuster to steamroll its agenda. Suck it up boys and girls.”
“so you dont use 0il? no gasoline? no plastic? man you ignorant losers are pathetic.”

“The analysis proves that there is no link between PM and bronchitis.”
MultiNLI “Postal Service were to reduce delivery frequency.”
“The famous tenements (or lands) began to be built.”

B. Construction of the Meta-dataset

In Section 3, we describe a framework that allows for constructing datasets with diverse distribution shifts by sampling
from synthetic distributions or existing datasets, here we provide more details and examples. There are two use cases
in Section 4.2, Section 4.3&4.4 respectively, where in both cases we know the distribution of each group (recall that the
combinations of different values of attribudeand clasy form different groups). Speci cally, in Section 4.2, we have the

group distributions as Gaussian distributions so that we can sample the desired numbers of samples from those distributions,
while in Section 4.3 and 4.4 we have a decent amount of samples in each group of the ne-grained annotated real-world
datasets used (CelebA, MetaShifts, Of ceHome, Colored-MNIST for vision tasks and CivilComments, MultiNLI for NLP
tasks), and we can then also sample the desired numbers of samples from each group.

In Section 3, we de ne the degrees of distribution shifts as a function of the number of samples for each group. Therefore, to
obtain a dataset with speci ¢ degrees of distribution shdtsee only needs to solve the number of samples for each group

and sample them from the group distribution. Note that the number of samples can be scaled up or down depending on
the expected size of the dataset. All of the constraints to be solved are therefore:

L TR YhT )
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i
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Solving the constraints gives the feasible solution set of the degrees of distribution shifts, as shown in Figure 6. We see that
not any value in the cube can be chosen because of the cong&aint0 for 8i.

dsc =
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